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Creating trajectories

® From Web tracking data to trajectories

2013-05-24 08:19:06
2013-05-24 09:15:02
2013-05-24 08:35:26
2013-05-24 09:15:56

Duration (s)

70
30
26
186

https://mail.google.com/mail/u/1/#inbox
https://www.youtube.com/watch?v=I1331Gc8Vqy4
https://www.youtube.com/watch?v=EJ6UvCkInRk

https://twitter.com/home
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Trajectories

Web tracking data:
A, A, As B, B, Bj A,C1 Az

I S EETE R AEE A

Time
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Trajectories

Web tracking data:
A, A, As B, B, Bj A,C1 Az

I S EETE R AEE A

Time

Stationary trajectories predicting the location visited in the next time step

TSt — A A A A A A A B,B,B,B,B,B,B,B,A,C)
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Trajectories

Web tracking data:
A, A, As B, B, Bj A,C1 Az

I S EETE R AEE A

Time

Stationary trajectories predicting the location visited in the next time step

TSt — A A A A A A A B,B,B,B,B,B,B,B,A,C)

Non-stationary trajectories predicting the next visited location
TbinNonStat _ {A, B, A, C} TseqNonStat _ {A, B, A, 07 A}
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Studying trajectories

® \We would like to learn about:

- Location preferences

- Visitation routines
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Uncertainty (location preferences)

® Measuring the uncertainty of a random
variable.

% Analyzing the probability distribution of a variable.

: L : © PR © :
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Uncertainty (location preferences)

® Measuring the uncertainty of a random
variable.

% Analyzing the probability distribution of a variable.

: L : © PR © :

Time-uncorrelated entropy (Shannon entropy)
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Uncertainty (visitation routines)

® Examining a trajectory as a result of a
pProcess

X L Analyzing the probability distribution of joint variables.

X? = XX,
X3 = X1 XoX5
Xt =Xx,...X;
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Uncertainty (visitation routines)

® Examining a trajectory as a result of a
pProcess

X L Analyzing the probability distribution of joint variables.
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Uncertainty (visitation routines)

® Examining a trajectory as a result of a
pProcess

X L Analyzing the probability distribution of joint variables.
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Uncertainty (visitation routines)

® Examining a trajectory as a result of a
pProcess

X L Analyzing the probability distribution of joint variables.

:
—t

I_I The rate at which our uncertainty increase
% with L is the time-correlated entropy.
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From uncertainty to (un)predictability

e What is the probability | | of correctly
predicting future locations given a past
series of observation?

www.juhikulshrestha.com
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From uncertainty to (un)predictability

e What is the probability | | of correctly
predicting future locations given a past

series of observation?

Limits of Predictability in
Human Mobility

Chaoming Song,*? Zehui Qu,?* Nicholas Blumm,? Albert-Laszlé Barabdsi'**

A range of applications, from predicting the spread of human and electronic viruses to city
planning and resource management in mobile communications, depend on our ability to foresee
the whereabouts and mobility of individuals, raising a fundamental question: To what degree is
human behavior predictable? Here we explore the limits of predictability in human dynamics by
studying the mobility patterns of anonymized mobile phone users. By measuring the entropy of
each individual’s trajectory, we find a 93% potential predictability in user mobility across the
whole user base. Despite the significant differences in the travel patterns, we find a remarkable
lack of variability in predictability, which is largely independent of the distance users cover on a
regular basis.

hen it comes to the emerging field of

s’s/ human dynamics, there is a funda-
mental gap between our intuition and

the current modeling paradigms. Indeed, al-

though we rarely perceive any of our actions to
be random, from the perspective of an outside
observer who is unaware of our motivations and
schedule, our activity pattern can easily appear

random and unpredictable. Therefore, current
models of human activity are fundamentally
stochastic (/) from Erlang’s formula (2) used in
telephony to Lévy-walk models describing hu-
man mobility (3—7) and their applications in viral
dynamics (8—70), queuing models capturing hu-
man communication patterns (//—/3), and mod-
els capturing body balancing (/4) or panic (/5).
Yet the probab
eling framewo
What is the r¢
havior and to v
actions predict:

ICenter for Comple;
Biology, and Con
Boston, MA 02115
Medical School, ant
Farber Cancer Insti
Computer Science
Science and TechnGwogy or Tiing, Ciciguu U1ouom, .

*To whom correspondence should be addressed. E-mail:
alb@neu.edu
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Contextualizing predictability

e Predictability limit which accounts for
routines [T™**
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Contextualizing predictability

e Predictability limit which accounts for
routines [T™**

® [o understand this value, we create
theoretical predictability limits (null models)

2 L 2 AR AR © 2

www.juhikulshrestha.com

20


http://www.juhikulshrestha.com

Contextualizing predictability

e Predictability limit which accounts for
routines [T™**

® [o understand this value, we create
theoretical predictability limits (null models)
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Contextualizing predictability

e Predictability limit which accounts for
routines [T™**

® [o understand this value, we create
theoretical predictability limits (null models)

- d
- No preferences: remove all repetition II"*"

- No routines: shuffle it IT""¢
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Code available

e Python library and notebook tutorials

® https://tinyurl.com/web-tracking-library

[ gesiscss [ web_tracking

<> Code () Issues 1% Pull requests () Actions [ Projects [ wiki @) Security |~ Insights

¥ master ~ ¥ 1branch © 0 tags Go to file About

This is a Python library to analyze
‘ macoj Update README.md « 6a033de 12 days ago ‘O 37 commits web browsing behavior via web
tracking data.

[ docs + generate docs 11 months ago
webtracker predictability

[ docsrc + generate docs 11 months ago browsing-data BroweinaT s
[ research Update README.md 12 days ago tracking-data
[ tutorial <9 refactoring 11 months ago 0 Readme
[ web_tracking & merge 11 months ago &5 GPL-3.0 License
[ .gitignore merge 11 months ago
[%  LICENSE merge 11 months ago Releases
[% README.md Update README.md 12 days ago No releases published
[ setup.py «» refactoring 11 months ago

Packages
‘= README.md

No packages published

Web Tracking: a library to analyze web browsing behavior.

Contributors 3

Install a macoj Marcos Oliveira
2 okaracalik Orkut Karacalik
1. Download repo
..ﬂ;. juhi153 Juhi Kulshrestha
git clone https://github.com/gesiscss/web_tracking.git

e
www.uhikulshrestha.com
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Data

e Sample of German online population:

- 2,148 individuals.
- 9,151,243 web visits.

- 49,918 uniqgue domains.

e Self-reported gender and age.

e Data from a GDPR-compliant digital panel
company in Europe. respondi

® https://tinyurl.com/web-tracking-dataset

www.juhikulshrestha.com 25
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Predictability of web mobility

Predict the location visited in the next time step
(stationary trajectory)
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Demographic differences - Gender

® Gender: Male (51.5%) & Female (48.5%)

e Two sample KS test (Hyp: “Two dist are not
different”)

www.juhikulshrestha.com
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Demographic differences - Gender

® Gender: Male (51.5%) & Female (48.5%)

e Two sample KS test (Hyp: “Two dist are not

different”)
- Rejected hyp. KS Score: 0.086, p-value: 0.008
- Cliffs d: 0.11 o | — fomae
A
2
0
0.6 0.7 0.8 0.9 1.0
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Demographic differences - Age

o Age (18-24, 25-34, 35-44, 45-54, 55-64,

64-80)

® Two sample KS tests applied pairwise

o [18,2:4]
Ceees o (24,34]
— - (34,44]

%’ —e= (44,54] Age KS test Cliff’s

3 : (54,64] _, _ groups KS score p-value delta
0O (64,80] ./

P i o, 18-24&25-34 019 83 x107%  —0.24

I ) . 18-24 & 35-44 0.26 1.8 x107%  —0.34

. 35-44 & 45-54 0.16 6.2x10°*  0.19

0 ' 35-44 & 55-64 0.21 3.1x107%  0.25

0.6 0.7 0.8 0. 3544 & 65-80 .28 2.1x107%  0.27

Predictability
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Behavioral differences

e User activity

- total time spent browsing

- total visits

® Diversity of user interests

-  Number of unigue domains visited

- Number of unigue categories visited

e User stationarity

- Mean seconds spent per visit

- Median seconds spent per visit
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Web Routineness and Limits of Predictability

Investigating Demographic and Behavioral Differences Using Web

Juhi Kulshrestha, Marcos Oliveira, Orkut Karacalik, Denis Bonnay, Claudia Wagner
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